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Abstract: The entity alignment task in Multi modal Knowledge Graph (MKG) faces challenges such as 
strong modal heterogeneity, large semantic gap, and inflexible fusion strategies. Existing methods generally 
rely on static weighted fusion and large amounts of annotated data, making it difficult to cope with complex 
multimodal environments. This article proposes a novel multimodal entity alignment model- TextFusionEA, 
which implements structural embedding based on GraphSAGE, uses MobileNetV3 to obtain visual features, 
introduces an adaptive fusion mechanism of semantic, structural, and visual features, and designs a semi 
supervised iterative learning strategy to extend the seed subset to alleviate the problem of data scarcity. 
Experiments on five datasets have shown that TextFusionEA performs well in MRR Hits@1. It significantly 
outperforms existing mainstream methods in terms of metrics, verifying its alignment performance and 
robustness in complex multimodal scenarios.

Keywords: multimodal knowledge graph, entity alignment, GraphSAGE, adaptive fusion, semi-supervised 
learning

1   Research Background and Significance

In the context of the rapid growth of multi-source heterogeneous information today, knowledge graph, as an 
important supporting technology for semantic understanding and reasoning, is widely used in fields such as 
search recommendation and question answering systems [1]. However, existing knowledge graphs are mostly 
independently constructed by different organizations, with a large number of semantically overlapping but 
formally heterogeneous entities [2]. How to achieve cross graph entity alignment has become the core task of 
knowledge fusion. Especially in multimodal knowledge graphs, entities are not only described by text, but also 
contain information such as images and audio. Entity alignment tasks further face the following challenges:

The large semantic gap between different modalities makes it difficult to represent information uniformly;
The modal fusion strategy lacks adaptability and often relies on static weights;
Lack of training data, high cost of manual annotation, and constraints on alignment performance.
Currently, most research focuses on single modality or only uses simple modality fusion methods, lacking 

deep integration of structural information and multiple semantic features, and having weak utilization capabilities 
for a small number of seed entities. Therefore, this article proposes the following research questions around the 
above challenges:

How to design an adaptive modal feature fusion mechanism that effectively combines image, text, and 
structural information?

How to expand high-quality entity pairs through semi supervised learning under the condition of scarce seed 
entities?

This study takes this as a starting point to construct a multimodal entity alignment model that considers 
flexibility, generalization, and scalability, aiming to improve the alignment performance and practicality in real 
complex graphs.
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With the advancement of artificial intelligence, knowledge graphs, leveraging their powerful semantic 
understanding capabilities, have provided new approaches for artificial intelligence and natural language 
processing. Knowledge graphs represent knowledge using graph structures, organizing and associating entities, 
relationships, and attributes as nodes and edges. They are commonly expressed in the “subject-predicate-object” 
triple form, such as the knowledge graph for “Liu Dehua” being constructed through triples like (Liu Dehua, 
blood type, AB type). As shown in Fig. 1.

Fig. 1.  Example of the knowledge graph for the “Andy Lau” entry

As AI advances rapidly, the applications of knowledge graphs continue to expand. However, different 
knowledge graphs suffer from heterogeneity and data redundancy issues, and the information from a single 
knowledge graph is limited, making it necessary to integrate multiple knowledge graphs. Entity alignment is a 
crucial step in knowledge graph integration. For instance, Table 1 and Table 2 demonstrate an entity alignment 
example. Suppose there are two knowledge graphs, KG1 and KG2. The entity information contained in KG1 is 
as follows:

Table 1. Entity information KG1

Entity ID Entity name Attribute 1 Attribute 2 
E1 Apple Inc Technology company Headquartered in the United States 
E2 iPhone 14 Mobile phone model Equipped with high-definition camera 

The entity information contained in KG2 is shown in Table 2.

Table 2. Entity information KG2

Entity ID Entity name Attribute A Attribute B 
E3 Apple Inc. High tech enterprises A well-known American company 
E4 iPhone 14 Pro Intelligent mobile phone Equipped with advanced camera function 

In this example, “Apple Inc. (E1)” in KG1 and “Apple Inc. (E3)” in KG2 can be aligned as entities because 
they both represent the same real-world entity, Apple Inc. Through entity alignment, related entities in the two 
knowledge graphs can be linked, achieving knowledge fusion and integration.

Today’s data exhibits multimodal characteristics, including text, images, audio, and video. In a multimodal 
environment, the same or related entities may not be consistent across different modal knowledge graphs. 
Therefore, researching multimodal knowledge graph entity alignment models is of great significance, as it 
contributes to the advancement of knowledge graph technology and artificial intelligence.
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2   Related Work 

2.1   Research Status at Home and Abroad

Entity alignment in knowledge graphs has evolved from traditional rule-based methods to representation 
learning approaches that better address the challenges of large-scale, multi-modal, and semantically rich graphs. 
Graph neural networks (GNNs), including GCN [3] and GAT [4], effectively capture graph structures for entity 
embedding but face issues such as computational overhead and poor interpretability in multi-modal settings [5]. 
Translation-based models like TransE, TransH, and TransR offer scalable and efficient alignment by embedding 
entities and relations into low-dimensional vector spaces [3, 6], though they remain sensitive to hyperparameters 
and lack adaptability to dynamic scenarios.

To improve semantic alignment, researchers have incorporated local semantic features using CNNs, RNNs, 
and attention mechanisms [7]. These enhancements improve expressiveness but still face limitations in semantic 
disambiguation and integration with graph structure. In multi-modal knowledge graphs, the heterogeneity of 
textual and visual data introduces further complexity. Approaches using attention-based fusion [7] and generative 
adversarial networks (GANs) [8] show promise, yet challenges in cross-modal consistency and generalization 
persist.

Fusion strategies have matured from static concatenation to dynamic attention-based and Transformer-driven 
architectures. For instance, Cong et al. [9] proposed modality-aware attention weighting, and Wang et al. [10] 
introduced cross-modal alignment modules, while Transformer-based designs enable higher-order interaction 
modeling [11]. Despite these improvements, scalability and robustness remain issues. In parallel, semi-
supervised learning has become increasingly important. Techniques such as BootEA’s iterative seed expansion 
[12], NAEA’s neighborhood attention [13], and the noise-resistant mechanisms in EVA [14] and RNM [15] help 
reduce annotation costs but still risk negative transfer. In response, our work proposes an adaptive dual-channel 
embedding and robust seed expansion strategy to further improve multi-modal alignment performance.

2.2   Current Challenges and Proposed Solutions in Multimodal Entity Alignment

Existing research on entity alignment in multimodal knowledge graphs faces three key limitations: (1) 
inadequate exploration of local semantic information beyond structural features, (2) inflexible fixed-weight 
fusion approaches that fail to capture inter-modal correlations, and (3) insufficient training data coupled with 
high annotation costs for complex entity relationships. To address these challenges, this study proposes a 
comprehensive framework featuring: (1) deep analysis of multimodal feature representations and their intrinsic 
relationships, with experimental validation of image-assisted alignment effectiveness; (2) an adaptive feature 
fusion mechanism for dynamic weight optimization; and (3) a semi-supervised iterative alignment method 
designed to reduce data dependency while improving model performance.

3   Entity Alignment Model for Multimodal Knowledge Graph 

3.1   Overall Architecture of the Model

At present, knowledge graph entity alignment faces three main problems: most of the work focuses on textual 
information, neglecting other modalities such as images; Multimodal fusion typically uses fixed weights, which 
limits the performance of the model; The lack of labeled data in the graph representation learning method leads 
to performance degradation. Therefore, this article constructs a multimodal knowledge graph entity alignment 
model. The overall framework of the model is shown in Fig. 2. This model uses GraphSAGE to model the 
structure of knowledge graphs, with two multimodal knowledge graphs DMT1 as inputs. DMT2 embeds them 
into the structure to obtain a structural similarity matrix. Then, treating relationships and attributes as bag of 
words features, modeling both and inputting them into a feedforward neural network to obtain relationship 
embeddings. Obtain entity name features through GloVe vector averaging and input them into a feedforward 
neural network to obtain the corresponding embeddings. For visual information, this article uses a pre trained 
visual model MobileNetV3 to obtain visual features, and inputs the visual features into a feedforward neural 
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network to obtain visual information embedding. Then, the relationship embedding, attribute embedding, entity 
name embedding, and visual embedding are fused to generate semantic embeddings, and the fused semantic 
similarity matrix is obtained by calculating cosine similarity. By using an adaptive weighting strategy to integrate 
the structure and semantic matrix, an entity similarity matrix is obtained. Finally, iteratively filter reliable entity 
pairs to expand the seed set until the model converges, supporting unsupervised alignment.

Fig. 2. Overall framework diagram of the model 

3.2   Structural Feature Embedding

GraphSAGE stands for Graph Sampling and Aggregation Network, which is a neural network model used for 
processing large-scale graph structured data. This article uses GraphSAGE to model the structural information 
of knowledge graphs. In entity alignment tasks, GraphSAGE performs multi-level neighbor random sampling on 
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target entities (such as structured neighbors across modalities such as text and images) in multimodal knowledge 
graphs, and dynamically fuses semantic information of the target entity and its multimodal neighbors using 
multi-layer feature aggregation (such as mean or pool aggregation) to generate robust embedding representations, 
as shown in Formula 1.

1 1
( 1) ( ) ( ) ( )2 2( ( , ))l l l lH W CONCAT H D AD Hσ

− −+ =  



. (1)

In equation 1, H (l) and H (l+1) represent the node characteristic matrix of layer l and layer l+1 respectively, σ is 
the relu activation function, D  represents the degree matrix of the node, D represents the adjacency matrix, and 
I is the identity matrix. W (l) Is a randomly initialized weight matrix. In this study, the output of the last graphsage 
layer is embedded as the structure of the knowledge map.

After getting the vector representation of each entity through graphsage model, for the distance between 
entities vi and vj, this study uses Manhattan distance to calculate the similarity of structure embedding:
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In equation 2, vi is the entity in the knowledge map DMT1, and vj is the entity in the knowledge map DMT2, hvj 
representing the structure vector of entity vi. The smaller the value of d(vi, vj), the higher the structural similarity 
of the two entities vi and vj. Then, the entity structure vectors generated by the  graphsage models are mapped 
into a common vector space by using the seed set for subsequent entity alignment operations.

3.3   Embedding Features of Relationships, Attributes, and Entity Names 

Although structural features are key information for entity alignment in knowledge graphs, relying solely on 
them cannot fully understand the rich semantics of entities, which may lead to incorrect alignment. Therefore, 
this article utilizes semantic information from relationships, attributes, and entity names to assist in entity 
alignment. Relationships and attributes are considered as bag of words features, and feedforward neural networks 
are used to calculate relationship and attribute embeddings. The calculation is as follows:

i i
e e e er t p h= + . (3)

i i
a a a ar t p h= + . (4)

Among them, the Ri relationship embedding i
ar  as an entity, the Ri bag of words relationship feature vector i

ep  

as an entity, te and he as learnable parameters. i
ap   i

ar   As Ri attribute embeddings Ri of entities, as bag of words 
attribute feature vectors of entities, ta and ha are learnable parameters. From this, two feature matrices can also be 
obtained: the relational feature matrix RE and the attribute feature matrix RA .

The initial feature vectors of entity names are obtained through the GloVe model and then input into a 
feedforward neural network to generate entity name embeddings. This study also draws on the research findings 
of Mao et al. [16], utilizing binary tuples as auxiliary features for entity name embeddings. The calculation 
formula is as follows:
	  	

i i
n n n nr t p h= + . (5)

In equation 5, i
nr  as the Ri embedding of entity names, i

np  as the Ri initial feature vector of entity names, tn 
and hn are learnable parameters. Next, we can further derive the entity name feature matrix RN . 
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3.4   Visual Feature Embedding

The method for obtaining visual feature embeddings is similar to the aforementioned approach for acquiring text-
based information feature embeddings. Specifically, this study employs the MobileNetV3 visual model to obtain 
visual feature vectors, which are then fed into a feedforward neural network to derive visual feature embeddings:

i i
v v v vr t p h= + . (6)

In equation 6, i
vr  as the Ri visual feature information embedding of the entity, i

vp  is the Ri visual feature of the 
entity, tv and hv is the learnable parameter. Finally, the visual feature matrix can be obtained RV . 

3.5   Adaptive Feature Fusion

Existing multi-modal entity alignment methods are mostly based on representation-level fusion, which has 
certain limitations. Inspired by the research of Zeng [17] and others, this paper adopts a fusion method based 
on the similarity matrix level. It aggregates relations, entity names, attributes, and visual embeddings to obtain 
semantic embeddings and a semantic similarity matrix. This matrix is then adaptively fused with the structural 
similarity matrix to derive the final entity similarity matrix.

This study aggregates the relationship embedding RE , attribute embedding RA, entity name embedding, RN and 
visual embedding obtained earlier RV to obtain semantic embedding RS . Its calculation method is as follows:

wm

S mwim M
i M

eR R
e∈

∈

 
= ⊕  

  ∑
. (7)

	  
Among them M = {E, A, N, V}, wm is the m weight that can be trained by the modality. Before performing 

weighted concatenation, it is necessary to normalize each input feature matrix. Then, the semantic similarity 
matrix is calculated in the same way MS , and the sum is fused with fixed weights MS  to obtain the final similarity 
matrix M .

ij ij ij
H H S SM M weight M weight= × + × . (8)

In equation 8, weightH and weightS represent the weights of structural and semantic information, respectively, 
and M ij represent the j final similarity scores of entities i and entities.

In practical applications, there are many limitations to assigning fixed weights to structural and semantic 
information. Therefore, this study designed an adaptive feature fusion method:

(deg )1H c nei

aweight
b R− +=

+ ×
. (9)

1S Hweight weight= − . (10)

In equation 9, a, b, and c are hyperparameters, deg represents the degree of entity, nei represents the degree of 
association between the entity and the seed entity, and nei is calculated as follows: 

1 1 2 2lg( )nei n q n q= × + × . (11)

Among them, n1 n2 represents the number of entities, q1 and q2 are hyperparameters. 
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3.6   Semi Supervised Entity Alignment Strategy

The size of the seed set directly affects the effectiveness of entity alignment. This study adopts an iterative 
alignment strategy to expand the seed set. Firstly, set a threshold and add entity pairs with similarity exceeding 
this threshold to the seed set, which are considered reliable entity pairs. Then, these newly generated entities 
are used for iterative training until the required number is reached. During the iteration process, it is inevitable 
to encounter unreliable entity pairs, which may affect subsequent training. In order to mitigate the impact of 
unreliable entity pairs, this study proposes the following strategies to address the aforementioned issues. Choose 
the bidirectional entities that are most similar to each other. This entity has the characteristic of directional 
asymmetry. Therefore, in order to minimize the occurrence of such errors, this study only considers body piles 
that satisfy the following two equations as reliable solid pairs. The official representatives are as follows:

1
arg max( ( , ))

m
i m jR DMT

R lik R R
∈

= . (12)

2
arg max( ( , ))

n
j i nR DMT

R lik R R
∈

= . (13)

Among them, lik(,) representing the similarity between entities, this study Rj  considers entity pairs that satisfy 
the above two equations as reliable entity pairs. 

Setting a similarity threshold is a strategy that involves defining similarity values to filter reliable entity pairs. 
This involves setting similarity values to perform secondary filtering on entity pairs. Only when an entity pair 
meets the most similar criteria and their similarity exceeds the set threshold, will these reliable entity pairs be 
added to the seed set.

The candidate entity pair strategy includes first adding entity pairs that satisfy the most similar entity policy 
and similarity threshold policy to the candidate entity pair set. If these candidate entity pairs still meet the criteria 
of being the most similar to each other and meeting the similarity threshold after several rounds of proposals, 
they are considered reliable entity pairs and added to the seed set. 

4   Experiment and Analysis

4.1   Data Sets and Evaluation Indicators

This study selected five datasets as experimental datasets, including three cross language datasets DBP15KZH-
EN (Chinese English), DBP15KJA-EN (Japnese English), and DBP15KFR-EN (French English), as well as two 
multimodal knowledge graph datasets FB15K-DB15K and FB15K-YAGO15K. This study utilized the images, 
entities, relations, attributes, relation triples, attribute triples, and entity pair counts from the above five datasets. 
Table 3 presents the dataset information.

Table 3. Dataset information

Data set Image Entity Relationship Attribute Relationship 
triplet 

Attribute 
triplet 

Entity 
logarithm 

DBP15K
ZH-EN

ZH 15893 19398 1698 8230 69987 247432 14900EN 14201 19842 1322 7010 96783 342908
DBP15K
FR-EN

FR 14214 19763 980 4546 11023 265987 15000EN 13698 19602 1268 6231 116840 360123
DBP15K
JA-EN

JA 12802 19803 1287 5802 76435 243563 15000EN 13232 19453 1123 6032 93456 324562
FB15K-
DB15K

FB15K 13202 14879 1368 129 604531 29456 12960DB15K 12042 12653 298 221 87345 48032
FB15K-

YAGO15K
FB15K 13021 14239 1340 109 586754 29031 11868YAGO15K 12032 15132 42 11 122365 23543



8

Research on Entity Alignment Models for Multimodal Knowledge Graphs

For those entities without images, this study assigns random vectors to them. In the DBP15K dataset, this 
study used 30% aligned entities as seed sets, and in the multimodal knowledge graph dataset, 20%, 60%, and 
90% aligned entities were used as seed sets, respectively.

The evaluation metrics used in this study are Hits@k and Mean Reciprocal Rank (MRR). Hits@k is primarily 
used to measure the frequency or proportion of relevant items appearing in the top k results. In this study, it 
represents the proportion of correctly aligned entities among the top K candidate entities (with k set to 1 and 10). 
The value of Hits@k indicates the effectiveness of entity alignment. 

4.2   Experimental Environment Setup 

The experimental environment and parameter settings for this study are shown in Table 4. 

Table 4. Experimental environment 

Experimental environment Configuration setting 
Operating system Ubuntu 20.04 LTS 

CPU Intel Core i9-13900K @ 3.5 GHz 
Memory 256GB 

GPU NVIDIA GeForce RTX 4090Ti 
Python Python 3.11 

Deep learning framework Torch1.13.0 
Related dependencies NumPy 1.26.0, Matplotlib 3.8.0, Scikit-learn 1.3.0 

4.3   Experimental Results and Analysis

This study selected nine entity alignment modes, namely GMNN [18], AliNet [19], CEAFF [20], BootEA [12], 
MMREA [21], NAEA [13], EVA [14], RNM [15], PoE [22], HMEA, and MME [23], as comparative models. 
And divide the above models into three groups for experimentation: non iterative entity alignment model, 
iterative entity alignment model, and multimodal entity alignment model.

Table 5 and Table 6  show the experimental results of the text model and the comparison model. Bold 
numbers in the table indicate the best model performance, underlined numbers indicate the second best model 
performance, and “/” indicates indicators not mentioned. The evaluation indicators are expressed as percentages.

Table 5. Experimental results of text model, non iterative and iterative entity alignment model on DBP15K dataset 

Model
FR-EN ZH-EN JA-EN

H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR
Experimental results of text model and non iterative entity alignment model on DBP15K dataset 

GMNN 60.2 86.7 70.3 46.7 69.6 48.9 45.7 72.8 58.9
AliNet 58.6 84.6 65.4 52.8 82.8 62.6 56.8 83.9 64.7
EVA 73.2 93.8 77.8 74.4 92.4 79.3 72.3 93.1 79.6

CEAFF 93.7 95.4 95.2 73.9 86.3 78.6 81.2 92.5 84.8
No iteration 
Text model 89.8 96.6 90.3 79.8 93.9 85.8 83.8 94.8 87.3

Experimental results of text model and iterative entity alignment model on DBP15K dataset
MMREA 66.3 86.5     / 65.1 85.3     / 62.5 84.6      /

NAEA 62.7 87.7 76.3 65.6 86.4 72.4 64.2 87.4 71.3
EVA 67.4 95.3 85.2 76.2 91.2 81.3 76.8 91.1 81.5
RNM 93.6 97.9 93.3 84.2 91.7 87.2 87.4 94.2 87.6

Iteration 
text model 92.7 96.4 95.9 86.6 94.7 89.6 88.6 95.5 91.3

Table 5 presents the experimental data of the text model and entity alignment model on the DBP15K dataset. 
From the results, it can be seen that both the non iterative text model and the iterative text model achieved the 
best experimental results. Experimental data strongly demonstrates the effectiveness of text fusion of visual 
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information for entity alignment. Meanwhile, it can also be seen from the table that the experimental data of the 
iterative text alignment model is superior to that of the non iterative text alignment model, indicating that using 
an iterative strategy is more effective for entity alignment.

Table 6. Experimental results of text model and multimodal entity alignment model on cross graph datasets 

Seed 
collection Model FB15K-DB15K FB15K-YAGO15K

H@1 H@10 MRR H@1 H@10 MRR

20%

PoE 13.7 25.5 17.3 11.2 22.4 14.9
HMEA 12.5 36.6     / 10.7 31.4      /
MMEA 26.5 54.6 35.3 23.6 48.3 30.7

EVA 14.8 32.3 20.3 9.3 27.9 15.8
Text model 39.2 65.3 47.8 34.2 61.6 44.6

60%

PoE 46.3 65.7 53.2 34.9 53.7 40.9
HMEA 26.4 57.7      / 27.3 59.2     /
MMEA 41.9 71.3 51.7 41.6 65.1 48.2

EVA 22.2 47.4 30.8 24.8 47.3 32.6
Text model 50.8 71.7 57.9 45.6 71.4 55.9

90%

PoE 67.3 82.3 72.5 57.5 75.3 63.6
HMEA 42.1 78.4      / 43.2 80.6       /
MMEA 58.7 86.7 68.8 59.9 83.9 68.5

EVA 37.2 58.3 44.7 39.6 61.5 48.1
Text model 69.3 83.9 74.2 61.7 78.6 67.2

Table 6 presents the experimental data of text models and multi-modal entity alignment models under different 
proportions of seed sets on two cross-graph datasets. From the experimental results, text models generally 
achieved the best performance across different evaluation metrics. Taking the MRR metric as an example, when 
the seed set was 20%, the performance improvement of the text model was the most significant, with the MRR 
metric improving by 10.2%-12.1% compared to the best performing contrast model. However, as the proportion 
of the seed set increased, the magnitude of performance improvement for the text model gradually decreased. 
Through experiments, it was found that the number of training seeds for entity alignment is not necessarily 
the more the better. Similarly, by comparing the experimental data of the H@1 and H@10 metrics, the same 
conclusion can be drawn.

4.4   Analysis of the Impact of Seed set Quantity 

In order to investigate the impact of seed set size on text models, this study conducted experiments using an 
unsupervised entity alignment model with pre aligned seeds obtained from visual information. 

Fig. 3. shows the experimental results on the FR-EN, JA-EN, and ZH-EN datasets of DBP15K.

Fig. 3. Experimental results on FR-EN, JA-EN, and ZH-EN datasets of DBP15K
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In Fig. 3, the purple, green, and blue lines represent the experimental results on FR-EN, JA-EN, and ZH-
EN respectively. It can be seen from the figure that the three broken lines are on the rise, indicating that the 
performance of the model is gradually improved with the increase of the number of visual seeds. However, there 
are inflection points in all three lines, indicating that when the number of visual seeds reaches a certain amount, 
the model at this time Hits@1. When the maximum value is reached, the model is the best. The inflection points 
for the FR-EN, JA-EN, and ZH-EN datasets are 5,000, 6,000, and 6,000 respectively. The reason for the above 
phenomenon is that the seeds introduce noise, which makes the performance of the model begin to decline. When 
the number of seeds is 200, the Hits@1 values all exceed 74%, indicating that the text model can achieve good 
alignment performance using a small number of seed entities, thereby validating the effectiveness of the text 
model.

4.5   Ablation Experiment 

To verify the effectiveness of each module of the text model, ablation experiments were designed on the DBP15K 
(JA-EN) dataset. Table 7 shows the relevant experimental data. 

Table 7. Ablation experiment of text model on DBP15K (JA-EN) 

Model H@1 H@10 MRR
Entity name 80.8 95.6 86.7
Relationship 91.3 96.9 93.4

Attribute 89.5 93.6 91.8
Structure 54.1 81.3 63.2

Visual information 89.1 95.2 90.3
Iterative strategy 84.3 93.6 87.8

Adaptive feature fusion 89.3 96.2 91.5
Complete text model 94.2 98.2 96.8

As shown in Table 7 taking the Hits@1 metric as an example, the adaptive feature fusion strategy improves 
performance by 4.9%, which validates its effectiveness. The iterative strategy achieves a performance 
improvement of 9.9%, which is relatively smaller compared to improvements in other studies. This is due to 
the fact that visual and other supervisory information have already been well-aligned, thereby diminishing the 
performance enhancement brought by the iterative strategy. Regarding the impact of different modalities of 
information, the model’s performance drops the most, by 50.1%, when structural information is removed. This 
indicates that structural information is critical for entity alignment in text models. The aforementioned results 
also demonstrate that different modalities of information have varying degrees of influence on entity alignment.

5   Summary and Prospect 

This study conducted in-depth research on the entity alignment model of multimodal knowledge graphs and 
proposed an architecture for entity alignment in multimodal knowledge graphs. This model utilizes entity names, 
relationships, attributes, structures, and visual information in the knowledge graph to improve the effectiveness 
of entity alignment. The effectiveness of the model and its modules has been validated through multiple datasets.
During the research process, several challenges were encountered. Firstly, the focus is only on the image 
information in multimodal data, without exploring audio or video modalities. Future research could consider 
integrating more types of modalities to further improve alignment accuracy. Secondly, noise in text image 
information can lead to low-quality visual data, affecting alignment performance. Future work can explore noise 
reduction technology to improve the quality of visual information.
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